ABSTRACT Precise fuel-air ratio (FAR) control on transient conditions is one of the key technologies for lean-burn spark-ignition (SI) engines. To improve fuel economy and reduce emissions, lean-burn engines must regulate their FAR immediately under different operating conditions. The precision of FAR control is limited by the large time-varying feedback delay which is caused by mixture combustion, exhaust gas transport, and lean N O x trap (LNT) module. Hence, a FAR predictive controller is proposed to track the desired FAR value precisely in the control framework of feedforward and feedback control. First of all, a feedforward predictive model for the FAR in the cylinder and a feedback predictive model for the FAR in the exhaust pipe with a time-delay characteristic are built respectively. Next, the FAR tracking requirement and the physical actuator constraints are transformed into the optimization objective function. Finally, a feedback/embedded feedforward predictive controller is designed, and the optimization problems are solved online to obtain the fuel injection quality. The simulation results based on GT-POWER illustrate that the proposed predictive control algorithm with feedforward predictive control can track the dynamic FAR precisely in a wide range. Meanwhile, the feedback controller decreases the effects of time delay and parameters uncertainty on the system dynamics.
I. INTRODUCTION
Because of the shortage of energy and the aggravation of pollution, scholars from all over the world begin to pay attention to lean-burn technology, which has remarkably potential in reducing fuel consumption and exhaust emissions. Compared to the stoichiometric combustion ratio, in the lean-burn operating mode, the air quality is much higher than the fuel quality. Excess air can make the fuel burn more fully, which improves fuel economy, and reduces carbon monoxide and hydrocarbon emissions. But, engine operates at an over-stoichiometric air-fuel ratio (AFR), which leads to an increase in nitrogen oxide (N O x ) as a result of the inefficient (N O x ) conversion of the three-way catalyst (TWC) [1] . In general, a lean N O x trap (LNT) module is integrated with a
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TWC upstream of the universal exhaust gas oxygen (UEGO) sensor to reduce the N O x pollutants. During this process, a long time generally elapses before the air-fuel mixture reaches the UEGO sensor. Therefore, the time delay resulting from engine combustion, exhaust gas transport, and LNT makes it difficult for lean-burn engines to precisely control AFR. Besides, the effects of time-varying system parameters, such as engine speed, intake manifold pressure, and charge efficiency, on AFR control cannot be neglected.
To address the AFR control problem, a large number of studies have been reported. A series of control algorithms have been developed and implemented for stoichiometric AFR control. In the literature [2] , [3] , Guzzella and Onder proposed a conventional PID control algorithm to deal with the steady state error brought by model uncertainty and parameter variations. The control effect of conventional PID for large time delay and parametric systems is not satisfactory.
Thus, a fuzzy self-tuning PID control strategy with feedforward was put forward in [4] . In addition, sliding mode control (SMC) is diffusely applied in AFR control owing to its connatural robustness to resist modeling uncertainties and parameter variations [5] - [8] . However, they increase the complicacy of control and the difficult degree of physical implementation.
The control methods mentioned above have been researched for ordinary SI engines taking cycle delay as a result of the four strokes of engine into account. Yet, for lean-burn engines, the gas transport delay, which restricts the closed-loop system's stability is increased due to the addition of LNT. The large time-varying delay is the major challenge for precise AFR control. Therefore, for improving fuel efficiency and reducing emissions, various controllers are used in lean-burn engine experiments. In document [9] , Ebrahimi put forward a more scientific PID control method to track AFR in lean-burn engines, where he used a dynamic filter to deal with the delay influence. Besides, a novel synthesis approach based on SMC was proposed to control the AFR via establishing a linear dynamic parameter-varying sliding manifold (LDPVSM) to stabilize the unstable inner dynamics and provide the system with robustness against unmatched perturbations [10] . An fuzzy control algorithm based on LPV was presented to solve the volatile inner dynamics of the AFR system brought by time delay [11] .
Nevertheless, for lean-burn engines, the desired AFR is no longer a fixed stoichiometric requirement and changes with the target range. The time delay is a primary concern for the transient control of AFR to track the dynamic target. Meanwhile, the injector, an actual physical device, has to satisfy the physical constraints. Lately, model predictive control (MPC) has been a extremely prevalent optimal control algorithm which can guarantee optimal performance while considering constraints [12] , [13] and has excellent properties at handling multivariables and delay [14] , [15] . The application of MPC on AFR has been published in some articles. The applicability of strategies based on MPC for automotive applications was diffusely researched in [16] and [17] . As presented in [18] and [19] , Fast nonlinear MPC (NMPC) schemes have been applied to the AFR control. To obtain fast reference tracking and anti-interference performance, a clean and easily implementable version of MPC that incorporates feedforward control provides us with a type of new perspective. The ideas behind the use of feedforward control in MPC were presented in [20] . A summary of its present development was provided in [21] . A computationally efficient model predictive feedforward compensation for position control of a multiaxis hybrid kinematic was proposed in [22] .
In the paper, the feedforward MPC controller and the feedback MPC controller are collaborative in the lean-burn mode. The proposed strategy can compensate the transport time delay consisting of cycle delay, transmission delay and measurement delay. Meanwhile, the online optimal feedback controller tries to decrease the effect brought by variable engine operating conditions and the time-varying parameters in the FAR system. The feedforward component of the whole controller is obtained by solving the corresponding optimization control problem. The resulting optimal control input and output sequences, u ff and y ff , respectively, are taken to the second optimal control problem to get the feedback component. The feedback optimal control problem considers the time delay and a modified control constraint with the feedforward control sequence u ff . The resulting optimal control sequence is u fb . Then, the amount of fuel injected as the control input is the first element of the sequence u = u ff +u fb .
II. FAR MODEL DESCRIPTION
As shown in Fig. 1 , the FAR control system comprises of intake manifold dynamics, fuel path dynamics, gas mixing and combustion system, exhaust system and UEGO sensor dynamics. The dot-dash lines are the system information channel that enters the FAR controller, the solid line is feedback information channel, and the dash line is the command channel from the FAR controller to the fuel injector.ṁ cyl is the air mass flow entering the cylinder,ṁ fc is the fuel film flow into the cylinder,ṁ fi is the fuel mass flow from the fuel injector, and φ is the FAR measured by the UEGO sensor. (The units of each variable in the paper are shown in Table 2 .) 
A. AIR MASS FLOW DYNAMIC MODEL
According to the definition of inflation efficiency, combined with the ideal gas state equation, we can calculate the air mass flow into the cylinder as:
where R is the ideal gas constant, V c is the cylinder volume, N is the engine speed, P m is the intake manifold pressure, η is the air charge efficiency (it is a function of the intake manifold pressure and the engine speed and is prepared as 2D look-up tables), and K m is the intake manifold temperature, which is a constant value.
B. FUEL-PATH DYNAMICS MODEL
According to the research, the fuel supplied by the injector can be split into two parts. One part is mixed with fresh air and enters the cylinder straight. The other part deposits on the inlet surface in the form of an oil film and then evaporated into the cylinder during the subsequent engine cycle. This is known as wall wetting.
Depending on Wang's [23] identification experiments with an SI engine, the wall wetting model can be described as:
whereṁ ff is the rate of change of oil film quality,ṁ fi is the fuel flow injected by the injector,ṁ fv is the rate of change of the quality of the fuel vapor in the intake pipe,ṁ fc is the mass flow of fuel into the cylinder, T w is the oil film evaporation time constant, and ε w is the percentage of fuel injected into the fuel injector in the form of oil film.
C. FAR IN THE CYLINDER
FAR is defined as the ratio of the quantity of fuel to the quantity of air entering the cylinder [24] .
Then, the fuel-air equivalence ratio φ for an SI engine is defined as
Based on equation (4), by taking the derivative of φ, we can obtainφ
Because the time required for the air intake stroke of a four-stroke internal combustion engine is equal to 30/N , m cyl can be approximated by a calculating formula
Then, equation (5) can be derived aṡ
Taking (ṁ ff , φ) as the statesx,ṁ fi as the control input u, and φ as the outputȳ, the state space equation of the FAR in the cylinder is given aṡ
D. DELAY AND UEGO SENSOR
As shown in Fig. 1 , the FAR measured by the UEGO sensor is denoted as y, and it is generally used in the feedback control loop. From the FAR in cylinderȳ to the measured FAR y, the time delay is chiefly consisted of two sections: cycle delay and exhaust gas transport delay. Where we provide that the transfer time from cylinder to UEGO downstream of the LNT is the exhaust gas transport delay. This delay can be calculated by τ g = ν ṁ a , whereṁ a is the air mass flow and ν is a calibration constant [25] . Furthermore, the speed of the engine determines the length of the running period. Thus, the cycle delay is computed by τ c = 120 N . Above all, the total delay for the FAR control system is calculated by τ = τ c + τ g , which is varied according to engine operating conditions. In the paper, we use a first-order lag G (s) = 1 (τ s s + 1) to approximately replace the UEGO dynamic process [26] . Then, The dynamics of the delay portion of the engine FAR control system can be described as follows
Using the first-order pade approximation, system (9) can be rewritten as
According to state equation (8), taking the delay and UEGO sensor into account, define the expansion state as
, where the states x 3 and x 4 have no clear physical significance. Then, the state equation of the FAR system can be expressed aṡ
where
III. FEEDFORWARD PREDICTIVE CONTROL ALGORITHM OF FAR
The engine FAR control system structure based on feedforward model predictive control (F-MPC) is shown in Fig. 2 . In lean-burn mode, the objective is to track the moving FAR value precisely for improving fuel economy and decreasing VOLUME 7, 2019 FIGURE 2. FAR control system based on feedforward model predictive control.
tailpipe emissions. The feedforward controller focuses on the FAR value in cylinder. Then, the feedback controller regulate the system output y measured by the UEGO sensor.
The primary design process is described as follows. First of all, based on the in-cylinder FAR dynamic model, an optimal control problem with a short horizon is given. It contains the normal control and output constraints. Then, the feedforward input u ff and output y ff are obtained by solving the above optimal problem. Second, an system state observer as the basic part of the feedback controller is designed. Finally, a feedback optimal control problem is solved with the feedforward signals u ff and y ff . The difference between this problem and the first optimization problem is that its prediction output contains the system state feedback and time delay. In addition, a modified control constraint is derived with the obtained feedforward control sequence u ff . The feedforward and feedback controller are cooperative (henceforth referred to as FFMPC).
A. FEEDFORWARD DESIGN
In order to move the operating point around the given reference signal with a small error, a feedforward design is performed before the feedback design. Here, ''feedforward'' is defined as an open-loop evaluation of an input. Note that this definition differs from that commonly used in the MPC literature [27] .
First, we use the state space model (8) as the predictive model in the feedforward control. To improve the precision of the feedforward predictive model, the parameters N and P m are updated in each sampling period, and η is updated accordingly. Then, through discretizing the continuous model at the sampling instants T s , we can obtain
where u ff is the feedforward input, (0) is known. We also assume that u(−1), u(−2), · · · are given.
Let the control variable u be the following discrete-time integrator:
Accordingly, the feedforward control input increment
. Then, the increment form of model (8) is given as
According to the principles of predictive control [28] , at time k, the coming system output is predicted on the basis of model (13) . Here, l ff is defined as the control horizon, and p ff is defined as the prediction horizon; hence, the prediction function of FAR in the cylinder is as follows: (14) The matrices Y ff (k + 1|k), U ff (k), I f , S xf ,S uf are at the top of the next page.
To satisfy the main control requirement of the FAR control algorithm, we seek to minimize a cost function of the form
where yf and uf are the weighting matrices. The first half of the cost function is to make the control output converge to the expected value as quickly as possible. The second half of the cost function is used to limit the increment of the feeedforward control input to reduce output fluctuations. The reference sequences of the FAR for the feedforward control are defined as
Furthermore, we minimize (15) subject to the appropriate constraints, i.e., u ff ∈ [u min , u max ] and y ff ∈ [y min , y max ]. As is typical in MPC, the first element u ff (k) is used to determine the control signal u ff (k). Then, we implement u ff (k) as the first element of the feedforward sequence. We also pass the entire sequence u ff (k) onto the feedback design stage.
B. FEEDBACK DESIGN
As shown in Fig. 1 , the FAR measured by the UEGO sensor is the feedback signal for the feedback control loop. Accordingly, the system model is given in (11) . We know that only the system output y(t) of the plant (11) can be measured. Similar to the feedforward design, through discretizing the continuous model (11) at the sampling instants T s , we can obtain
0 e As Bds, and C d = C. Therefore, an observer for the system state is defined aŝ
where J is the observer gain matrix. They must guarantee the stability of
The feedforward control input u ff (k) has been obtained in the above section. Then, the need for feedback arises
. . .
due to the presence of unmeasured disturbances and model uncertainty. We define the total plant input as
In this section, our goal is to determine the feedback control law u fb (k). Based on model (16) , the feedback prediction model is given as
At time k as the starting point for predicting the future, model (18) is initialized by the states provided by the observer (17) . Meanwhile, in this section, we can use the knowledge of u ff (k), . . . , u ff (k + l ff − 1) from the feedforward design. However, we only implement u ff (k) in the feedforward control process. Therefore, to simplify the feedback design process, in the feedback design process, suppose that
Here, l fb is defined as the feedback control horizon, and p fb is defined as the prediction horizon; then, the feedback control input increments sequences U fb (k) to be optimized, and the prediction output can be defined as follows:
Similar to the feedforward design, the feedback prediction output is
. (19) where the matrix S xb has the same form as S xf , and its dimension is decided by the model state and the prediction horizon. The matrices S ub and I b have similar properties. After a simple derivation, we can obtain
We then choose the feedback cost function as
where yb and ub are the other sets of weighting matrices. The meanings of equation (20) is similar with equation (15). The difference is that the second half of the equation (20) is a limit on the increment of the feedback control input. The reference sequences of the FAR for the feedback control are defined as
Then, we need to optimize (20) subject to the corresponding system's constraints. A simple (but nonetheless important) point is that the input constraints are on the whole control law u(k) = u fb (k) + u ff (k). Therefore, the appropriate constraints are
The details about the solution process are given in [29] Remark 1: In the feedback design process, the assumption of
is used to simplify the controller. Then, the proposed feedforward and feedback optimal control laws can have different control and prediction horizons. By adjusting these horizons, the computational burden of solving the optimal problem might be reduced. 
IV. SIMULATION VERIFICATION A. CONTROLLER PARAMETERS
To verify the design of the FAR controller in this paper, a simulation of the controller is necessary. The simulation of this paper will be performed in the GT-POWER environment, which has been used by all major engine manufacturers and vehicle OEMs.
For the simulation, the following parameters need to be specified by the users. According to the parameter identification results, the oil film evaporation time constant T ω = 0.4, and the percentage of fuel injected into the fuel injector in the form of oil film ε ω = 0.8. We set the sampling time T s = 0.001s. For the feedforward section, the prediction horizon p ff = 200, the control horizon l ff = 100, and the weighting factors yf = 1 × I 100×100 and uf = 100 × I 100×100 . For the feedback section, the gain of the estimator obtained by the zero-pole configuration is J = 6 20 10 17 , the prediction horizon p fb = 10, the control horizon l fb = 5, and the weighting factors yb = I 15×15 and ub = 1500 × I 15×15 . For GT-POWER, the amount of fuel injected into the engine is determined in the form of the injection pulse width. Therefore, the maximum value of the input u max = 4π/ω, where ω represents the rotational speed of the engine crankshaft and the unit is rad/s. The minimum value of the input u min = 0. For lean-burn engines, the desired FAR range y ∈ [0.6, 1.5].
To verify the performance of the proposed control strategy, the method should be compared with other controllers under different conditions. Therefore, a controller based on the expected value of feedforward and PID feedback is designed (henceforth referred to as F-PID) for comparison. For the F-PID controller, the feedforward fuel injection amount can be calculated from m cyl in Equation (6) When the feedforward link of the controller proposed in this paper is removed, a normal MPC with only the feedback part based on model (11) (henceforth referred to as MPC) is designed. In this way, we can verify the role of the feedforward part of the controller proposed in this paper.
B. TRACKING SIMULATION RESULTS
It is essential for a lean-burn engine to change the FAR according to the operating conditions. Therefore, in this condition, the desired FAR φ des is set to be varied as shown in Fig. 3 . The engine speed is fixed at 3000 rpm, and the throttle position is fixed at 45 • . The result of the simulation is presented in Fig. 4 . Fig. 4 shows that the FFMPC controller can always converge to φ des for different desired FARs. This result indicates that the FFMPC controller is feasible for regulating the FAR. The overshoot of all controllers in the first second is relatively large because the first second is the startup process of the engine model in GT-POWER, which is an uncontrollable part. In the simulation below, the results of the first second will not be considered. Moreover, as shown in Fig. 5 , the adjustment times of FFMPC, F-PID, MPC and LQR are 0.32 s, 0.6 s, 0.6 s and 0.32s, respectively. The convergence speed of FFMPC is significantly higher than that of the MPC and F-PID controllers. In addition, FFMPC's tracking overshoot is Slightly larger than that of MPC, which is the cost to improve response speed. This result shows that FFMPC has good tracking ability and transient response capability for a wide range of FAR changes. LQR has a better control effect for a specific condition than FFMPC because it contains all the dynamic characteristics and delay parts in the model. However, once the operating conditions change slightly, the control effect will be worse, as shown in Fig 4. The overall control effect of FFMPC is much better than LQR. By comparing with the control performance of MPC, it can be observed that the FFMPC controller including feedforward action yields significant reference tracking performance.
C. MODEL UNCERTAINTY SIMULATION RESULTS
As we know, the engine speed is a very important parameter for FAR control and is considered in the feedforward model. Here, we set φ des to the ideal value of 1, and the throttle position is fixed at 45 • . Note that the control target can be set as the other value. The fixed value represents the steady state of the engine. The engine speed was set to be varied as shown in Fig. 6 . Then, the robustness of the FFMPC controller should be evaluated.
The results of the simulation are presented in Fig. 7 . As shown, during the transient of engine speed changes, there is a slight deviation in the tracking of the FAR, which is perfectly acceptable under transient conditions. However, once the speed does not change, the FAR immediately tracks φ des . Furthermore, the tracking deviation of FFMPC is significantly smaller than that of LQR, MPC and F-PID in the process of speed change. The reason for this result is that the feedforward predictive model is parametric in the FFMPC controller. From Fig. 8 , we can see that during this speed change, the feedforward control amount U ff plays a major adjustment role, and the feedback control amount U fb plays a small deviation adjustment role. The feedforward controller responds immediately once the engine speed changes. However, when the engine speed changes, the control effect of LQR is not ideal because of the poor robustness to model errors. It can be known from the derivation process of the model that the engine speed determines the variable time delay. Therefore, the research of speed is also a investigation of variable time delay. Undoubtedly, the solution time for two MPCs composed of feedforward part and feedback part is a concern for everyone. From Table 1 , we can see that the feedforward solution time is only one-fifth of the feedback. therefore the feedforward MPC does not increase much solution time.
A sudden change in throttle position is also a common operating condition of the engine. Therefore, the following simulation is performed on the operating conditions of the throttle change. The throttle position is set to be varied as shown in Fig. 9 . The engine speed is fixed at 3000 rpm. The primary control target is φ des = 1.
The result of the simulation is illustrated in Fig. 10 . As shown, regardless of the sudden change in throttle position, FAR can quickly track φ des again under the action of FFMPC in Fig. 10 . Besides, the FFMPC controller overshoot is obviously smaller than that of LQR, MPC and F-PID. The convergence speed of FFMPC is faster than LQR, F-PID and MPC. The reason for this result can be obtained in Fig. 11 . The fast action of feedforward control amount U ff reduces the overshoot and improves the convergence speed of the system. 
D. SIMULATION RESULTS CONSIDERING INTERFERENCE
Disturbance is unavoidable for actual engine control systems. To verify the controller's anti-jamming capability, A typical disturbance for the fuel injector is used with a step length of 2 sec to show steady-state accuracy, as shown in Fig. 12 . Fig. 13 shows the disturbance rejection for the FFMPC, MPC and F-PID. As can be seen from the figure, the antiinterference ability of FFMPC and MPC is similar, because the feedforward is open-loop and does not work for interference. Besides, the anti-interference of FFMPC and MPC is better than F-PID and LQR. 
V. CONCLUSIONS
In the paper, we have put forward a new FAR control method with feedforward predictive control. The components of the fundamental framework are a feedforward optimal controller and a feedback optimal controller for enhancing the tracking performance. The design procedure is clean and easily accomplish. MPC that incorporates feedforward control can meaningfully enhance performance in the existence of measurement noise and certain forms of model uncertainty. To demonstrate the full range of its ability, the guiding principle in the selection of the controller parameters is given.
A number of simulations demonstrate that the FAR control system with the proposed algorithm has perfect tracking performance and possesses a strong anti-interference ability with disturbances or parameter variations. Future task will research the realization of the presented algorithm on a field-programmable gate array chip.
